ABSTRACT Smart sensors for wireless sensor networks are widely used on battlefields and in wild areas with poor natural conditions, where their antenna arrays are easily damaged and thus whose damage needs to be diagnosed in a timely manner via signal processing at an extremely low signal-to-noise ratio (SNR). This paper utilizes the fusion of the communication signal and the echos of probe signals received at the same antenna array, and it proposes a joint scheme for adaptive diagnose of the antenna. An iterative estimation scheme is implemented for the coupled problem of the estimation of the degree of arrival (DOA) and element damage patterns, and two confidence factors are proposed for a joint decision algorithm for evaluating the credibility of the estimation based on the two types of signals. The effectiveness of the proposed scheme is validated through simulation. The judgment error rate of the element damage patterns is reduced significantly under the joint scheme, for example, from 15% to only 3% for certain parameters. The gain of the joint decision algorithm is interpreted, and the optimal threshold of the confidence factors as well as the effect of the SNR of the communication and echo of the probe signals at the antenna element array are studied. This paper solves the problem of the diagnosis of antenna array elements at extremely low SNRs and will greatly contribute to the robust performance of smart sensors in wireless sensor networks.
I. INTRODUCTION
Wireless sensor networks (WSNs) have experienced rapid development in recent decades and have been widely used in environmental monitoring, target detecting and tracking, etc. [1] , [2] . These data are summarized and transmitted between sensor nodes via wireless communication and ultimately back to a data center via anchor nodes, base stations, satellites, etc. Each node in the WSN is an integrated multi-functional smart sensor [3] , [4] . Their small volume makes it easy to spread the network and operate in battlefields and wild areas with poor natural conditions [5] , [6] .
To obtain flexible spatial directivity and good anti-jamming performance, a phased array antenna is usually used by the smart sensors [7] . However, due to the poor natural conditions in the wild and battlefields, some antenna array elements used by smart sensors may be affected by sediment, rain, shocks, vibration, and other effects, causing temporary failure or permanent damage, which will seriously degrade the performance of the antenna in terms of directivity, antijamming, etc [8] , [9] . In such unattended environments, damage to antenna array elements cannot be repaired, nor can the sensors be replaced in a timely manner, and must be diagnosed and compensated via signal processing by themselves.
There have been a number of researchers working on the diagnosis of antenna array elements. When an antenna is facing the direction of the arriving signal, the diagnosis of the antenna array is performed with the radiation pattern [10] , [11] , the received communication signal [12] or the echo of the probe signal [13] . Furthermore, when there is more than one arriving signal from a different direction and supposing that the degree of arrival (DOA) of each source is known, Eltayeb et al. [14] applied a compressive sensing method. Zhu et al. [15] adopted the method of difference coarrays [16] , and the element damage pattern is characterized with an empirical threshold. These algorithms can achieve good results when the signal-to-noise ratio (SNR) is relatively high.
However, WSNs are usually applied in harsh environments with poor channel conditions, and the power of the transmitted signal may not be very high for isolated WSN nodes; therefore, the SNR can be extremely low and varies significantly. As a result, the above algorithms are likely to fail because the empirically determined thresholds and the correlation algorithm may be strongly affected by the huge noise. Moreover, in actual applications, the DOA should be estimated, and the accuracy will also be affected by noise, which in turn reduces the performance of the antenna array diagnosis. This coupled estimation of the DOA and element damage pattern is another difficulty in element damage diagnosis.Therefore, diagnosing the damage to an antenna array of a smart sensor under ultra-low-SNR conditions is in urgent need and of great importance.
With the integration of smart sensors, the communication signal and the echo of the probe signal can be received by a unified phased array antenna in the GHz band [7] , the characteristics of which are significantly different. The communication signal comes from the surrounding smart sensor nodes, and the SNR is relatively high and stable. The echo of the probe signal is affected by the distance and surface properties of the detected object such that the SNR is relatively low and varies significantly. On the other hand, the probe signal is sent by the smart sensor itself, and the known signal may contribute to signal processing to reduce the influence of the noise. The combination of these two types of signals may provide the accurate estimation of element damage patterns at extremely low SNRs, which is the motivation of this paper.
In this paper, a joint decision algorithm based on both the communication and echo of probe signals with two confidence factors is proposed, and an iterative algorithm is realized for the coupled estimation of DOA and element damage patterns. The effectiveness of the proposed scheme is validated through simulation with the judgment error rate (JER), bit error rate (BER) and probing image under the joint decision algorithm. The gain of the joint decision algorithm is interpreted through the split of misjudgment from the selected estimation results based on the communication and echo of probe signals. The optimal thresholds of the confidence factors are obtained, and a satisfactory JER performance can be achieved within a relatively wide range of thresholds. The effects of the SNR of the communication and echo of probe signals at the antenna element array are studied. With the joint scheme, a low and stable JER is achieved under strongly varying SNRs of the arriving signals. This work realized the timely diagnosis of antenna array elements with a joint scheme at extremely low SNRs and contributes to the better performance of WSNs with smart sensors in harsh environments.
The remainder of this paper is arranged as follows. Section II introduces the system model and the general algorithm for DOA estimation. Section III introduces the proposed joint scheme for element damage pattern estimation. Section IV shows the simulation results. Finally, the conclusions of this article are provided. 
II. SYSTEM MODEL
A schematic of the wireless network's working scenario is shown in Fig. 1 . The monitoring data are shared, summarized, and returned to the data center via the communication links between smart sensors. Simultaneously, the smart sensor also detects and tracks important targets, such as unmanned aerial vehicles (UAVs) and large animals, by sending probe signals and receiving the echos. Fig. 2 shows the schematic of the proposed joint detection scheme of damaged elements. The phased-array antenna of the smart sensor will simultaneously receive the communication signals from the surrounding nodes and the echo of its own probe signal, and then joint signal processing and joint decision of the diagnose of damaged elements will be performed. This scheme achieves the coupling estimation of the degree of arrival (DOA) of signals and the pattern of the element damage through iteration, as well as a joint decision algorithm based on two confidence factors r and δ. The joint decision algorithm synthesizes the advantages of communication signals and echoes of probe signals, measure the confidence of the two estimation results and decide the joint choice, so that a stable and accurate detection of element damage pattern is achieved at a barely low SNR.
The distance between smart sensors is typically around 10 meters, while the frequency of communication and probe signals are in GHz, with wavelengths of millimeters, which can be modeled as far-field signals. For a uniform linear array of the antenna with M elements, the relationship between the signals received by each array element and the transmitted signal from the neighboring node or the probe signal sent by smart sensor itself is that, (1) . . .
where N is the equivalent white Gaussian noise array. For communication signals, L s is the number of the neighboring nodes sending communication signals simultaneously, 
Perform the eigendecomposition of R xx . The eigenvalues in descending order are {λ 1 , . . . , λ M }, and the corresponding eigenvectors are {v 1 , . . . , v M }. The first L s eigenvalues and eigenvectors correspond to the signal subspace, and the remaining correspond to the noise subspace. Thus, the spatial spectrum estimation vector P est (θ ) can be obtained:
For the estimation of the DOAs, the θ est are the degrees corresponding to the largest L s peaks of P est (θ ):
Taking communication signals as an example, when there is no element damage, a certain criterion may be used to obtain a weight matrix W of each element of the antenna array. For example, according to the criterion with the minimal noise variance, the weight matrix is (10) where E[x] represents the expectation of x. Therefore,
and the transmitted sequence of each node iŝ
The solution of the weight matrix W will be constrained by the received signal Y rx and the estimations of DOAs θ est . Once an element of the antenna array is damaged, the received signal Y rx will be directly affected, and then, the affected autocorrelation matrix R xx causes an offset of the DOA estimation. The coupling of Y rx and θ will seriously degrade the estimation performance of the optimal weight matrix W . Therefore, to ensure robust performance under array element damage, the accurate estimation of DOAs and element damage patterns must be achieved simultaneously, which is another challenge in this work.
Suppose that the element damage is complete damage, which means that when the m th element is damaged, the receiving signal will only contain noise. The damage pattern is represented by a vector u 0 with length M : u 0 (m) = 0, the m th element is damaged 1, the m th element is not damaged (13) The received signal from some damaged elements is
where U 0 is a diagonal array with diagonal elements corresponding to u 0 . The array of steering vectors is actually
Suppose the smart sensor knows the precise θ, it will decompose the communication symbols with the original W without the knowledge of the damage pattern of the element of the antenna array; therefore, the estimation of the communication symbols will bê
where E represents the unit matrix of M rows. Comparing Eq. (12) and Eq. (16), we can see that due to the element damage, a bias related to the damage pattern as well as the transmission sequence of all the nodes is added to the estimation of the received signal from each node, which will seriously degrade the performance of the smart sensor. Further, θ cannot be known exactly and needs to be estimated. Suppose that the element damage causes a bias of α; then, the smart sensor will use W to estimate the transmitted symbols:X
Consider the value of W in row p and column k:
It can be seen that due to the bias of DOA estimation, a nonlinear transformation will be introduced to the estimation of transmitted communication symbols, which will have a more serious impact on the performance of smart sensors.
To guarantee the robust operation of the smart sensors, we must obtain precise estimation of the element damage pattern u 0 and the degree of arrival θ est so that the weight matrix W can be amended to W i by resolving the optimization problem based on the minimum mean square error criterion:
(20)
III. PROPOSED ALGORITHM
The proposed algorithm for the detection of the element damage pattern includes an iterative algorithm for the estimation of the DOA and element damage pattern and a joint decision algorithm with two confidence factors. A diagram of the algorithm is shown in Fig. 3 . The estimation of DOAs and the element damage patterns are interdependent. The accurate estimation of DOAs is the basis of the element damage pattern estimation and vice versa. Therefore, the joint estimation of DOAs and element damage patterns is achieved by an iterative algorithm. For communication signals, the key steps of the iteration are the self-correlation correction, DOA estimation, and element damage detection with the correlation matrix; for the echoes of the probe signals, the key steps of the iteration are selfcorrelation correction, DOA estimation, and element damage detection with the correlation between the reconstructed and actually received signals. When the iteration finishes, two separate estimations of the element damage patterns are achieved. Second, the two confidence factors r and δ are calculated, therein measuring the reliability of the estimations from the two types of signals with respect to the compensated SNR and the average change in the DOA estimation during the iteration. Finally, the element damage pattern is decided based on the two confidence factors and is used for signal processing, thereby improving the robustness of the smart sensors under harsh environmental conditions. The details of the algorithm are as follows.
First, for both the communication and echos of the probe signals, the auto-correlation of the received signals R xx should be calculated according to Eq. (6) for the DOA estimation. To minimize the impact of the damage of the array element and to achieve precise DOA estimation, R xx needs to be compensated. The value of row p, column q of R xx is
Since the arriving signals are dependent, when k = l, the value of x k x T l is significantly smaller than N sym , which means that the values of R xx (p, q) are mainly determined by R m . As a result, the values of R xx with the same upper-left to lower-right diagonal values, denoted R v (t) (
When the m th element is damaged, the corresponding R xx = Y rx Y H rx are relatively small (mainly noise) in row m and column m. To solve this problem, the following compensation algorithm is proposed.
At the first iteration, we have no information on damage to the elements. Thus, we replace all the values of the set R v (t) with the one with the maximum absolute value. For each
After one iteration, the estimated damage pattern can be used to update R xx . For each t = −(M − 1), · · · , M − 1, the number of R xx (p, p + t) that are not affected by the damaged element according to the last estimation is N 0 (t). If N 0 (t) > 0, the average of R xx (p, p + t) should be updated to Y m0 (t):
Eliminate the elements in Y m0 (t) where N 0 (t) = 0 and obtain Y m with length of M − s 0 . Then, R xx will be updated to R ss with a space smoothing algorithm:
where Y m (p) is the conjugate value of Y m (p). The detection of element damage patterns can be transformed into a classification problem, with each element damage pattern as a category. The SVM algorithm [20] , [21] , with its excellent performance under a small number and high dimension of samples, is applied. One of the key steps of the SVM algorithm is to construct a vector V . Different damage patterns should be significantly distinguished by V , while the same element damage patterns should have similar V .
In the analysis above, we have shown that when the m th element is damaged, the auto-correlation matrix R xx has relatively small values (mainly noise) in row m and column m, which strongly characterizes the element damage pattern and is independent of the transmitted symbols. As a result, the real and absolute values of R xx are a good choice for constructing a vector that characterizes the element damage pattern. Specifically,
where real() represents the real part of each element in the matrix, abs() represents the absolute value of each element in the matrix, and vec() means to expand the matrix into a vector, with each column joined together end to end. For an array A with n rows and n columns,
Traversing noise-free V c as a training set, and the test vector is obtained from the autocorrelation of the received signal such that the estimation of the position of the element damage pattern will be obtained.
The echoes from the probe signals are sent by the smart sensor and are known. Therefore, the received echoes can be reconstructed without noise with DOA estimation. The crosscorrelation matrix of the reconstructed signal and the actual received signal will be
If the DOA estimation is sufficiently precise, there will be B est ≈ B. Comparing Eq. (30) to Eq. (6), two noise items, BXN H and NN H , are avoided, and thus, the effect of noise will be decreased. Apply R r to construct the characteristic vector of the element damage pattern:
The precise estimation of the element damage pattern will be obtained at lower SNR with precise DOA estimation.
After finishing one estimation of the element damage pattern, the algorithm will return to the DOA estimation modules and start a new round of iteration. The updated estimation of the element damage pattern and DOAs can enhance each other and ultimately achieve a more accurate estimation.
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The termination condition of the iteration is that the estimation of the element damage patterns is the same as the last iteration or the number of iterations reaches the maximum limit I M .
After finishing the estimation of the element damage patterns based on the communication signals
First, compared with V c , V r is obtained by the crosscorrelation matrix by the reconstructed noise-free signal and the actually received signal so that it will be less affected by noise when the DOA estimation is accurate. As a result, d r is more credible at the same SNR without regard to the DOA estimation. From this point of view, we obtain the first confidence factor r:
When r > r th , d c is thought to be more reliable; when r ≤ r th , d r is thought to be more reliable. SNR c and SNR r represent the estimated signal-to-noise ratio after beamforming with the directional pattern aligned to each arriving signal and the estimated DOA and element damage pattern.
where N c and N r are the estimated noise power corresponding to the communication signals and echoes of the probe signals:
where represents the Hadamard product and D(X k ) represents the decision ofX k under the maximum likelihood criterion.
Second, in the reconstructed echo signal, the DOA of the signal can only be determined by estimation. If there is a significant deviation in the DOA estimation, the performance will be strongly degraded (Eq. (19)). From this perspective, the second confidence factor, δ, is constructed to measure the average of the changes in the DOA estimation during the iteration. A more accurate DOA estimation results in a more accurate element damage pattern estimation in next iteration such that the following iteration is more likely to converge to the actual element damage pattern. In contrast, if there is a large deviation in the DOA estimation, the estimation result may not converge; rather, it will jump around in multiple element damage patterns. Therefore, the average change in the DOA estimation during an iteration can partly describe the accuracy of the DOA estimation:
est is the DOA estimation of the i th iteration of the echos of the probe signals, I e is the number of iterations when the iteration ends, and I M is the maximum number of iterations.
Note that regardless of the number of iterations, the denominator of the mean is I M − 1, which means that if the iteration jumps out in advance, the subsequent DOA estimation will be considered as stable and with no difference. This is reasonable because if the iteration can jump out ahead of time, there are two consecutive estimations of the element damage patterns, and the probability of a correct estimation is very high. It is clear that the threshold of δ, which is δ th , is also related to the SNR at the antenna array element and should be determined based on experience in real systems.
Combining these two confidence factors, the joint decision of the estimation of the element damage pattern is
The proposed joint detection scheme for damaged elements based on the communication and echoes of probe signals with an iterative estimation and two confidence factors has been presented. The effectiveness of the proposed scheme will be illustrated through a series of simulations and further analysis in the following section.
IV. SIMULATION AND ANALYSIS
The SNRs of each arriving signal at a single antenna array element are S c and S r , corresponding to the communication and echoes of probe signals, respectively. For the communication signal, superpose that the noise is Gaussian white noise and that S c is a certain value in the simulation; for the echo of the probe signal, to characterize the diversity of the SNR, S r is modeled as a Gaussian distribution, with a mean value of S rm and variance of S rs . Since the vector V r that characterizes the element damage pattern for SVM classification is based on the known probe signal, it is more credible than V c with the same SNR. As a result, better performance will be achieved when r th ≥ 1. In this simulation, r th is set in the range of 1 ≤ r th ≤ 2. The confidence factor δ describes the average bias of the DOA estimation and the threshold is set in the range of 0 ≤ δ th ≤ 0.1π . For each frame of an arriving signal with N sym symbols, if the estimated damage pattern is different from the actual damage pattern, it is marked as one misjudgment.
In the following simulation and discussion, first, a comparison between the joint decision algorithm and an individual judgment based on the communication or echo signals shows the low judgment error rate (JER) of the joint scheme. In addition, the comparison of the bit error rate and detection images further verify the effectiveness of the proposed algorithm. Next, the decision of the joint algorithm is decomposed, and the gain of the joint decision algorithm is presented. Finally, the optimized value of the thresholds of the two confidence factors, r and δ, as well as the influence of the SNRs at the antenna array element, S c , S rm , and S rs , are discussed. It is shown that an excellent performance will be achieved with the proposed joint scheme under a wide range of SNRs at each antenna array element.
A. JOINT DECISION ALGORITHM WITH LOW JUDGMENT ERROR RATE
The SNRs at each antenna array element of the communication and echoes of probe signals are fixed as follows: S c = −9.5 dB, S rm = −16 dB, S rs = 7 dB. The comparison of the judgment error rate, bit error rate and detection image based on the joint decision algorithm and the single decision with communication signals or echos of probe signals is shown in Fig. 4 . Fix δ th = 0.03π and increase r th from 1 to 2; the comparison in terms of JER is shown in Fig. 4a . Fix r th = 1.6 and increase δ th from 0 to 0.1π; the comparison in terms of JER is shown in Fig. 4b . The JER based on a single decision is independent of the confidence factors, around 14% with communication signals while around 10% with the echos of probe signals. In comparison, the JER based on the joint decision algorithm is significantly reduced to as low as 3% with appropriate confidence factors.
There are optimal values of the confidence factors r and δ. As shown in Fig. 4a , with increasing r th , the JER first decreases and reaches the optimal value at approximately 1.6 and then increases. As shown in Fig. 4b , as δ th increases, the JER decreases more significantly first and then increases slightly, therein being basically steady and reaching an optimal value at approximately 0.03π. VOLUME 6, 2018 Furthermore, the BER performance and detection image are shown in Fig. 4c and Fig. 4d , respectively, to validate the performance of the joint scheme for element damage pattern estimation.
According to the analysis in Sec II, if the element damage pattern is incorrectly estimated, the communication performance will be severely degraded, and the transmission failure of all subsequent data frames that depend on this estimation will result. A more precise estimation results in a lower probability of transmission failure; therefore, the communication efficiency will be increased. Thus, in this simulation, we use a BER at the 95% quantile point, that is, with a set of simulation parameters, the probability that the BER performance is better than the plotted curve is 95%. The BER curves are shown in Fig. 4c . The BER based on the proposed joint decision scheme is far superior to that obtained by the single decision based on the communication signals or the echos of probe signals at the 95% quantile point.
The detection image is shown in Fig. 4d with a damaged array when the smart sensor has no knowledge of the damage or estimates the damage pattern correctly. The image with the damaged pattern has a much higher sub-peak; therefore, the detection and tracking performance will be greatly harmed. Thus, the proposed joint scheme for the precise estimation of the element damage pattern is highly important.
B. DECOMPOSITION OF THE GAIN OF THE JOINT SCHEME
The joint decision algorithm selects from the estimations based on the communication signal and the echos of probe signals according to the confidence factors r and δ. The judgment errors under the joint scheme, the selected communication signal, the selected echos of probe signals, as well as the judgment errors from the selected communication signal because of δ are shown in Fig. 5a at different thresholds of confidence factors r. The selected ratio of the communication signal is also shown here, with values corresponding to the y-axis on the right. The parameters in the simulation are S c = −9.5 dB, δ th = 0.03π, S rm = −16 dB, and S rs = 7 dB.
When the threshold of r increases from 1, since the SNR of the communication signal is relatively stable, the proportion of the selected communication signal gradually decreases from 80% to 10%, and the judgement error also decreases significantly. As a result, the proportion of the selected echos of probe signals increases. As analyzed in Section III (Eq. (30) and Eq. (6)), the vector V r that characterizes the element damage pattern for SVM classification is based on the known probe signal and is more credible than V c under the same SNR. Therefore, when r th starts to increase from 1, although the number of misjudgments from the selected probe signals increases, it is significantly smaller than the decrease with the selected communication signals, and thus, the overall misjudgment error decreases significantly. As r th continues to increase, the decrease in the misjudgment error from the selected communication signal is less than the increase from the selected probe echo signal. Specifically, since we are overconfident with the probe echo signal, the estimation of the echo of the probe signal with lower SNR is selected for the joint decision, which in turn causes the overall judgement error to stop decreasing but increases instead. As r th increases, the judgment error from the selected communication signal does not decrease to 0 because a small portion of the selected communication signal is due to the screening by the confidence factor δ, that is, r < r th ; however, δ > δ th . The number of misjudgments with these signals first increases with r th and then tends to be stable, which corresponds to the poor signal quality of both the communication and echos of the probe signals. On the one hand, the SNR of the communication signal is not sufficiently high (r < r th ); on the other hand, the angle estimation of the echo signal fluctuates strongly (δ > δ th ), indicating that the reliability is not high. Therefore, regardless of which of the two types of signals is selected, the result of this estimation is most likely to be incorrect.
At different values of r th , the SNR density distribution and the average SNR of the selected communication signal and the echo signal after beamforming are shown in Fig. 5b and Fig. 5c , respectively, where darker points represent higher densities. As r th increases, the density distribution and the average SNR of the selected echo signal shift significantly to a lower SNR, and a larger r th results in echo signals with lower SNR to be selected. In contrast, the distribution of the selected communication signal is significantly shifted to higher SNR, that is, a larger r th caused more stringent requirements on the SNR of the selected communication signal. However, when r th is close to 2, the dots at relatively low SNR will not disappear. In addition, the average SNR of the communication signal decreases slightly due to the influence of the communication signal selected because of δ, which is consistent with the decomposition of the judgment errors above.
C. PARAMETER SENSITIVITY ANALYSIS FOR JOINT DECISION ALGORITHM
In this part, first, the influence of the threshold of the two confidence factors, r th and δ th , on the performance of the joint decision algorithm under different S rm is studied. Some empirical values can be obtained, and relatively good performance can be maintained within a relatively wide range. Next, with the optimal threshold of confidence factors, the effects of S c , S rm , and S rs on the joint decision algorithm show that within a wide range of these parameters, a low level of JER will be achieved. Finally, the increased JER compared with the minimal JER based on the single decision with both the communication and the echo signal shows that when the JERs of both of the single decisions are similar, the increase is maximized. Fig. 6 shows the JER with the threshold of the confidence factors, r th and δ th , under different S rm , where S c = −9.5 dB and S rs = 7 dB. Fix δ th = 0.03π, and the JER as a function of r th is shown in Fig. 6a . As analyzed in Section IV-B, the JER first decreases mainly due to the decreased misjudgment rate of the selected communication signals and then increases mainly due to the increased misjudgment rate of the selected echo of the probe signals. Fix r th = 1.6, and the JER with δ th is shown in Fig. 6b . When δ th is too small, some accurate estimations based on the echos of the probe signals are mistakenly considered as misjudgments and are removed. Thus, the corresponding estimation based on the communication signal with lower SNR is selected, and the accuracy of the joint judgment is deteriorated. When δ th is too large, the estimation based on the echo of the probe signal with a larger deviation of the DOA estimation may be used in the joint judgment; therefore, the misjudgment rate of the joint decision will increase.
Under each curve for different S rm , the minimal JERs with optimal r th and δ th are denoted with a black circle. As S rm increases, the optimal value of r th generally shifts to the right because the estimation of the echo of the probe signal is more credible under larger S rm , and a larger proportion should be selected in the joint judgment. In the vicinity of the optimal r th , the JER of the joint decision algorithm is relatively stable, that is, the value of the optimal r th is stable. To simplify the system design, the same value of r th can be used for a larger range of S rm and still achieve good JER performance. The same is true for δ th . After a rapid decline, the JER with δ th increases slightly after 0.02π. The stability of the threshold of the confidence factors greatly facilitates system design and enhances the robustness of the performance under a wide range of parameters.
The effects of the SNR of the communication signals and the echos of probe signals at the antenna array element are studied in terms of the JER with the optimal threshold of confidence factors, as shown in Fig. 7 .
Fix the variance of the SNR of the echo signal at the antenna array element as S rs = 7 dB, and the JER of the joint decision algorithm with S rm under different S c is shown as Fig. 7a . The JER of the single decision with only the echo signal and the communication signal (broken line) is also drawn for comparison. The results of the joint judgment under each group of parameters are significantly lower than the results of both the two single decision estimation, and a lower JER is achieved with increasing S rm and S c .
Similarly, fix S rm = −18 dB, and the JER of the joint decision algorithm with the S rs under different S c is shown in Fig. 7b . As S rs increases, the JER of both the joint decision algorithm and the single decision based on the echos of probe signals increase because a larger variance means that a greater proportion of the echo signal will fall into the extremely low SNR region, thus reducing the precision as well as the credibility of the echos of the probe signals. With the joint algorithm, the joint JER is still significantly lower than that with the single decision, being 7% when S rs = 9 dB, while the single decision JERs with the echos of the probe signals and the communication signal are almost 20%.
The comparison here demonstrates the stability of the joint decision algorithm. On the one hand, under all simulation parameter sets, the JER of the joint decision algorithm is less than 10%, while the JER of a single signal can be higher than 20%. On the other hand, the JER of the joint decision algorithm fluctuates slightly. With only the detection echo signal, the JER increases from 7.5% to 21.5% with decreasing S rm from −15 dB to −20 dB. With a communication signal with S c = −9 dB for the joint judgment, the JER of the joint decision algorithm increases from 1.2% to 3%. With only the communication signal, as S c decreases from −9 dB to −10 dB, the JER increases from 7.0% to 20.0%, while under the joint decision algorithm, it only increases from 1.3% to 3.1% with the echo of the probe signal of S rm = −15 dB introduced to the joint judgment. It can be concluded that the joint algorithm can significantly improve the accuracy and stability of the damaged array pattern estimation.
The decreased JER obtained under the joint decision algorithm at the optimal confidence factor threshold is shown in Fig. 7c and Fig. 7d . The JER promotion is defined as the difference between the joint JER and the smaller of that under the single decision based on the communication and echo of the probe signal alone, which is
where JER c and JER r are the judgment error rates based on the single decision of the communications and echos of the probe signals, and JER j is the judgment error rate based on the proposed joint scheme, respectively. As shown in the figure, under different S c , as S rm or S rs increases, the JER promotion first increases and then decreases. Jointly analyzing Fig. 7a and Fig. 7b , the maximal JER promotion is achieved at approximately the intersection point of the two curves of the single decision. Specifically, when the communication signal and the detection echo signals have similar JERs, the joint algorithm achieves its maximum advantage. When the JERs of the single decision based on the communication signal and the echo of the probe signal vary greatly, the contribution of the joint algorithm will be significantly reduced and is close to the lower value.
V. CONCLUSION
This work studied the diagnosis of antenna arrays at an extremely low SNR with a joint scheme based on both communication and echos of probe signals. An iterative estimation of the DOA and element damage pattern is implemented, and a joint decision algorithm is proposed with two confidence factors. The simulation shows the effectiveness of the joint scheme with lower JER, better BER performance and better detection image. It is further clarified that the gain is obtained from a smart choice based on the communication and echos of probe signals according to the confidence factors. The optimal thresholds of the two confidence factors are discussed and show that a low JER will be achieved around a wide range of optimal thresholds. The effects on the SNR at the antenna array element are discussed, and a low and stable JER performance is achieved for a variety of parameters. Thus, the joint scheme can be applied in various scenarios under relaxed conditions and with simple system design. This work will contribute to the robust performance of smart sensors in wireless networks in extremely low SNR environments.
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